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S1 File. Fig. A. k-NN transfer learning results for the plant callus dataset Top left:
Bubble plot, displaying the distribution of the optimised class weights over the 100 test partitions
for the transfer learning algorithm applied to the plant callus LOPIT and GO CC datasets. Top
right: Principal components analysis plot of the LOPIT data (first and second components, of the
possible sixteen), showing the clustering of proteins according to their density gradient distributions.
Bottom: Sub-cellular class-specific box plots, displaying the estimated generalisation performance
over 100 test partitions for the transfer learning algorithm applied with (i) optimised class-specific
weights (combined, both LOPIT and GO CC), (ii) only primary LOPIT data and (iii) only auxiliary

ComBined Prirﬁary

Ribosome

Auxi‘liary

- T

| i
Combined  Primary

H_‘

)
Auxiliary

1.00 -

0.75-

0.50-

0.25-

0.00 -

GO CC data, for each sub-cellular class.

PC2 (22.34%)

ER membrane

| i
Combined  Primary

Plastid

ComEined Prirﬁary

TGN

$toe
L .
€2
]
T T T T T T
-6 -4 -2 0 2 4 6
PC1 (64.36%)
Golgi
1.0-
09- T =
.
0.8- .
0.7-
.
0.6-
1 0.5- 1 1 1
Auxiliary Combined Primary  Auxiliary
PM
o o
0.95- { {
0.90 -
0.85- "
0.80 -
Auxi‘liary Combined Prin‘1ary Auxfliary
vacuole
1.00 -
1
0.95-
0.90 - .
0.85-
0.80 -
: 0.75- ! ! -
Auxiliary Combined Primary  Auxiliary

| |
Combined  Primary



i | © Cytosol
Cytosol [ ] . . > Cytosol/Nucleus
ER
Golgi
Cytosol/Nucleus - . Lysosome
- Mitochondrion
b Nucleus
= e @ O - m
Ribosome 405
© Ribosome 60S
Golgi- . . unknown
g o
o
® Lysosome - [ ] . o <
] <
8 o8
o o
Mitochondrion - Q >
o o >
Nucleus - . . . L4
.
PM-
a4 ey
Ribosome 40S - . o . 0
Ribosome 60S - . . .
T T T T

0 113 23 1 -4 -2 0 2
Classifier weight PC1 (40.59%)
Cytosol Cytosol/Nucleus ER Golgi
1.0- ' 1.00- 1.0~ . 1.00 -
0.9- - i
0.75 $ 084 $ 0.75 $
081 050~ . . 0.50-
07 0.6~
: 7 7 0.25- 025- ¢
0.6~ 0.4-
] ; ) 0-00 ! ) ' i . 0.00 o T
Combined Primary Auxiliary Combined Primary Auxiliary Combined Primary Auxiliary Combined Primary Auxiliary
Lysosome Mitochondrion Nucleus PM
1.00 - 1.00- 1.0- 1.0-
B 0.9-
90»75 EFI % 0.95- 08-
] 0.8-
5050~ g 090~ 06-
Iy ¢ 0.7-
0257 T 0.85- 04- o .
0.6
0-00 sy / T | | ) T : . | | .
Combined Primary Auxiliary Combined Primary Auxiliary Combined Primary Auxiliary Combined Primary Auxiliary
Ribosome 40S Ribosome 60S
1.00 - 1.00- e
.
J .
050~ 0.0
0.85-
0.25-
0.80-
0.00- . L3 .
Combined Primary Auxiliary Combined Primary Auxiliary

S1 File. Fig. B. k-NN transfer learning results for the human dataset Top left: Bubble
plot, displaying the distribution of the optimised class weights over the 100 test partitions for the
transfer learning algorithm applied to the plant callus LOPIT and GO CC datasets. Top right:
Principal components analysis plot of the LOPIT data (first and second components, of the possible
eight), showing the clustering of proteins according to their density gradient distributions. Bottom:
Sub-cellular class-specific box plots, displaying the estimated generalisation performance over 100
test partitions for the transfer learning algorithm applied with (i) optimised class-specific weights
(combined, both LOPIT and GO CC), (ii) only primary LOPIT data and (iii) only auxiliary GO
CC data, for each sub-cellular class.
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S1 File. Fig. C. k-NN transfer learning results for the plant roots dataset Top left:
Bubble plot, displaying the distribution of the optimised class weights over the 100 test partitions
for the transfer learning algorithm applied to the plant callus LOPIT and GO CC datasets. Top
right: Principal components analysis plot of the LOPIT data (first and second components, of the
possible six), showing the clustering of proteins according to their density gradient distributions.
Bottom: Sub-cellular class-specific box plots, displaying the estimated generalisation performance
over 100 test partitions for the transfer learning algorithm applied with (i) optimised class-specific
weights (combined, both LOPIT and GO CC), (ii) only primary LOPIT data and (iii) only auxiliary

Mitochondrion- [ ) .
o

PM- @ [ )

TGN- ([ J

0 13 203
Classifier weight

ER/Vacuole

s

Coml;ined F'rin‘1ary Auxi‘liary

PM

T

Combined Primary  Auxiliary

1.00-

0.75-

0.50-

0.25-

0.00-

0.9-

0.8-

0.7~

0.6~

GO CC data, for each sub-cellular class.

PC2 (27.52%)

© ERNacuole
< - GAChloroplast

Mitochondrion
PM

TGN
unknown

GA/Chloroplast

Comk‘::ined F'rin‘1ary Auxi‘liary

TG

mH

Combined Primary  Auxiliary

| 08-

==
(I *#]

‘ 0.4-

-2

T
0

PC1 (58.62%)

Mitochondrion

1]

Combined Prirﬁary Auxi‘liary




ER- ]

Golgi-

mitochondrion -

Nucleus -

Class

PM-

Proteasome -

Ribosome 40S -

Ribosome 60S -

1.00 -
0.75-
0.50 -
0.25-
0.00 -

1.00-
©0.75-
Q
$0.50-

W 0.25-

0.00 -

S1 File.

0o 13 23
Classifier weight

ER
-P-._
+

Combined Primary Auxiliary

=

ComEined Prirﬁary Auxi‘liary

Nucleus

i

Ribosome 40S

L

Combined Primary Auxiliary

CC data, for each sub-cellular class.
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Fig. D. k-NN transfer learning results for the fly dataset Top left: Bubble
plot, displaying the distribution of the optimised class weights over the 100 test partitions for the
transfer learning algorithm applied to the plant callus LOPIT and GO CC datasets. Top right:
Principal components analysis plot of the LOPIT data (first and second components, of the possible
four), showing the clustering of proteins according to their density gradient distributions. Bottom:
Sub-cellular class-specific box plots, displaying the estimated generalisation performance over 100
test partitions for the transfer learning algorithm applied with (i) optimised class-specific weights
(combined, both LOPIT and GO CC), (ii) only primary LOPIT data and (iii) only auxiliary GO




